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In explainable Human-Robot Interaction (HRI), the primary objective of explanations and transparent behaviour is often to enhance the
user’s understanding of the robot. Consequently, assessing understandability becomes essential for evaluating the effectiveness of such
systems. However, the evaluation of explainable HRI lacks standardisation, with numerous competing measures of understandability
currently in use. In this paper, we conduct a systematic review of the literature on the evaluation of explainable HRI, with a focus on how
understandability is operationalised and measured. We identify 58 eligible papers that include user studies in which understandability
is measured. We categorise these papers according to five main aspects: whether the measure is subjective or objective, whether or not
understandability is treated as a multidimensional construct, whether the measure is quantitative or qualitative, the ecological validity
of the study and the temporal aspect of the measurements. The results reveal some notable trends in explainable HRI, including the
different objective, subjective, quantitative, and qualitative approaches to measuring understandability, as well as some clear gaps in
the operationalisation of understandability. In particular, we identify a lack of in-the-wild studies and a limited number of measures
that decompose understandability into multiple dimensions. Moreover, we find an absence of studies that assess understandability
longitudinally. Based on our analysis of the reviewed literature, we offer a set of recommendations for researchers conducting user

studies on explainability in HRI and highlight several open questions regarding the measurement of understandability.
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1 Introduction

Explainability is a critical requirement for embodied autonomous systems. With the rapid development of Al sys-
tems, there is a strong push from various stakeholders toward standardising the expected level of transparency in
autonomous and intelligent systems. Notably, the IEEE P7001 standard on the transparency of autonomous systems
defines explainability as “the extent to which the internal state and decision-making processes of an autonomous system are
accessible to non-expert stakeholders” [126]. In the specific context of human-robot interaction (HRI), non-expert users
who are unfamiliar with a robot’s internal mechanisms and decision-making process may find it difficult to understand
the robot’s intent and abilities without explanations or other transparency mechanisms enabled by the robot. While
users may differ in their prior knowledge and familiarity, our focus is on those not heavily involved in the design or
development of autonomous robotic systems. Therefore, a measurement of the improvement of the knowledge that
users have about a robot’s internal mechanisms is a strong indicator of the effectiveness of explanations [123, 128]. We
refer to this level of the user’s knowledge about a robot’s decisions and behaviours that is facilitated by the explanatory
information as Understandability (see Sec. 2.1.1 for a detailed discussion) [34, 70]. This user understanding serves as a
mediating factor influencing key HRI measures such as usability, trust, performance in shared tasks, accountability, and
ease of debugging [43, 63, 98, 109], as depicted in Fig. 1.

Unlike the typical applications of explainable AI (XAI), such as recommendation systems or singular classification
models, explainability in HRI introduces unique challenges due to the physical and social presence of robots. Users
tend to anthropomorphise robots, attributing intentions and agency to them, which leads to higher expectations for
explanations, including explanations of physical movements and failures [75, 120]. In particular, autonomous robots
can be subjected to a much wider variety of failures and unexpected behaviour, beyond what is typically considered
in XAl settings, such as violating social norms, as well as timing, control, and actuator failures [15]. Apart from the
necessity to explain broader categories of events, the robots’ embodiment further allows for new modalities to convey
enriched multimodal explanations. For example, a robot’s physical limitations to reach certain poses can be expressed by
motions [62] and verbal explanations can be complemented with graphics [37, 94], and gestures [50]. Further, distinct
explanation types and communication methods (e.g., counterfactuals, verbosity, non-verbal cues) may lead to different
cause attributions for similar robot behaviours [51, 72]. Therefore, while methods for evaluating understandability and
previous empirical findings in XAI contexts are relevant, they cannot be trivially applied to HRI settings.

We next briefly describe the motivation and objective of this work, followed by its contributions to the increasingly

active research area of explainable HRI.

Motivation and Objective. Despite efforts towards standardisation [126], measuring the effectiveness of explanations
remains a challenge due to a lack of consensus on how explainability can be defined in terms of a measurable property
of a system. The terms transparency and explainability are often used interchangeably [103, 126]. Previous works
have also explored the relationships between explainability and other constructs such as interpretability, predictability,
legibility, understandability, among others [43, 98, 109, 123]. Similarly, other literature reviews [43, 109, 123] make a
distinction between evaluating the quality of explanations (factors such as accuracy and clarity) and the effects that
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Fig. 1. Understandability as a mediating factor in fulfilling key desiderata in HRI—adapted and simplified from [43, 63, 98, 109].

explanations have on users. Langer et al. [63], Speith and Langer [109] suggest that the primary effect of explainability
on users is a change in their understanding of the robot. Furthermore, human evaluation of the explainability of a
system is considered both necessary and challenging [24], and this assessment relates to the ecological validity of the
experiment (see Sec. 2.2.4).

Although research on explanation generation methods and their application in robotics is growing rapidly (Fig. 4),
there is a lack of a comprehensive treatment of the concept of user understanding in prior works, particularly literature
reviews and position papers. Relevant prior works include [80], which introduces the three phases of explanation,
generation, communication, and reception, where explanation reception concerns “how well the human understands
the explanation”. This categorisation forms the basis for a subsequent systematic review on explainable robotics that
points out issues with user evaluation of explanations [2]. Other reviews on the topic focus on aspects such as the
timing and interactiveness of explanations [4], implicit and explicit methods of conveying transparency [103], commu-
nication modalities [125], explanation generation methods [107], as well as on establishing definitive requirements
for explanations in autonomous robots [100]. Although these reviews give a foundational overview and highlight
important research challenges, the main point of discussion remains the methods of generating and communicating
explanations in HRI, with much less emphasis on how explanations are received and understood by people. In contrast,
our review focuses on evaluating how recent user studies on HRI capture the effectiveness of explanations in improving

understandability.

Contributions. In this work, we address the following research question: How do works in the field of explainable HRI

conceptualise and operationalise understandability? To that end, we make the following contributions:

e We devise a taxonomy (represented in Fig. 2) with which we can classify measures of understandability.

e Employing this taxonomy, we conduct a systematic review of user studies that evaluate understandability in
explainable HRI, with a focus on the operationalisation and measurement of the construct.

e Based on the findings of our systematic review, we propose a set of recommendations for the evaluation of

understandability in HRI, and identify open questions in the field.

In Sec. 2, we review the concept of understandability from the social sciences perspective. Then, we give an overview
of the principles of HRI experiments that we use in our taxonomy to classify measures of understandability in our
systematic review. Sec. 3 describes the search process, as well as the inclusion and exclusion criteria, following the
PRISMA methodology [82]. Sec. 4 contains the analysis of the selected papers, starting with objective and subjective
measures in Sec. 4.1. Sec. 4.2 highlights the prevalence of understanding as a unidimensional construct, discussing
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Fig. 2. Taxonomy of the literature review.

the few examples of multidimensional perspectives on understandability. Sec. 4.3 discusses the use of qualitative and
quantitative measures of understandability. Then, Sec. 4.4 presents an overview of ecological validity, distinguishing
online, in the lab and in-the-wild experiments. Sec. 4.5 presents an analysis of the frequency and timing of measurements.
Based on this analysis, we propose a set of recommendations and open questions for conducting understandability

evaluation in Sec. 5. Finally, we conclude the work in Sec. 6.

2 Background

In this section, we begin by reviewing how human understanding has been conceptualised in the social sciences. We
then examine the key factors in the evaluation procedures of HRI user studies.
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2.1 Understandability in the Social Sciences

This subsection presents an overview of the concept of human understanding from the point of view of the social
sciences, and its relation to explanations.

The human understanding is a domain that has been widely studied in the social sciences. Understanding has
historically been treated as a type of knowledge - the knowledge of causes. This idea is summarised by claiming that
“understanding is not accomplished by acquiring some sort of superknowledge, but simply more knowledge” [70].
However, it has been argued that understanding can occur without relevant knowledge, and that knowledge can arise
without related understanding [87]. Following this view, understanding would be a type of cognitive achievement. To
address those critiques, authors in [34] propose an adapted version of the classic view, which considers understanding
as knowledge of causes, while accounting for the cases where understanding can arise from non-causal sources, or from
very brief knowledge.

Regarding the perspective from the social sciences on the relationship between explanations and understanding,
explanations have been considered as an attempt to communicate information to others, so recipients of explanations can
expand their understanding [49]. In turn, trying to explain to another, or even to oneself, often makes the explainers aware
of the incompleteness of their own understanding [99], which in turn can help improve that understanding. Although
humans often overestimate their level of understanding [48], they rarely believe to have a complete understanding.
Humans deal with recognised gaps of understanding by distorting our beliefs or by outsourcing the gaps to the
knowledge that other people have. In this way, humans stop upon reaching a “working understanding" and manage to

get by with highly incomplete or partial explanations [49].

In summary, we observe from the social sciences research that: (1) human understanding is tied to knowledge, although
it is not clear how tightly coupled they are; (2) explanations are a mechanism to transmit but also refine understanding;
and (3) humans usually have an incomplete and evolving self-perception of understanding. These considerations are

key to surveying how understanding can be measured in HRI, as we explore in the following subsections.

2.2 Evaluation Procedures in HRI User Studies

In this subsection, we explore different evaluation procedures in HRI user studies, intending to provide the key

background concepts for the taxonomy from Fig. 2 later defined in Sec. 3.2.

2.2.1 Objective and Subjective Measures. In HRI user studies, measurements are commonly categorised as either
objective or subjective [3, 42]. Subjective measures refer to ‘self-reported attitudes, thoughts, emotions, and moods of
participants, collected through participants’ verbal responses, whereas objective measures are defined as ‘behavioural
indicators that can be measured independently of participants’ stated opinions’ [42]. Most constructs can be assessed
using either type of measure, and employing a combination of both is generally recommended [42].
Understandability measurements have also been classified into objective and subjective [95]. Objective understand-
ability is the actual comprehension of the system [95], usually measured as the accuracy of the user’s mental model of
the system in a proxy task [43]. A key aspect in evaluating objective understandability is choosing an appropriate proxy
task because the selected task should “maintain the essence of the target application” [24]. One of the most widely
recognised proxy tasks is forward simulation [24, 64, 71], which involves requiring participants to predict what the robot
would do in hypothetical situations. This can be achieved through different methods, such as explicit prediction tasks,
but also indirectly through think-aloud methodologies or structured interviews [43]. Subjective understandability is the
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user-perceived and self-rated level of understanding, and is usually measured through questionnaires [95]. Subjective
understandability has been inaccurately utilised as an indirect way to measure objective understandability [109], as
research in social sciences shows that people tend to have a wrong perception of their understanding [117]. Some user
studies have supported the idea that the subjective level of understandability is initially high but gradually declines as
time progresses [58, 99], while other works [59] report the opposite, i.e., that subjective understandability begins at a

lower level and then increases over time.

2.2.2  Understandability as a Multi-dimensional Construct. Works in the social sciences have suggested different types
of understanding [5, 6, 18]. Objectual understanding relates to situations where S understands X, being S the subject
and X a person, system, or language. Propositional understanding occurs when S understands that something is the case,
while interrogative understanding refers to the circumstances when S understands what/how/why is the case. Explanatory
understanding is the most important form of interrogative understanding, and is dedicated to the why questions. The
different types are not completely independent, but they hold unclear relations to each other [5].

Similarly, Bloom’s taxonomy [56] proposes a set of cognitive dimensions (Knowledge, Comprehension, Application,
Analysis, Synthesis, and Evaluation) which form a taxonomy of what is expected or intended for students to learn. A
later work [10] relates this taxonomy to explanations using the theory of processes from Basic Formal Ontologies (BFO)
[106]. In a first attempt to define distinct dimensions of understanding in XAl Bloom’s taxonomy is employed as a
theoretical heuristic for the measurement of the dimensions of understandability. These dimensions could potentially
be visualised over time with separate curves for each of them.

Apart from dimensions or types, understandability is contended to come in different degrees, which vary in depth and
breadth [6]. To define these degrees, there are 3 possible approaches: define the minimal understanding, the maximal
understanding, or determine what it means to understand something to a certain degree [6].

These theoretical categorisations of understandability indicate the presence of different dimensions that can poten-
tially be measured separately. However, up to the authors’ knowledge, no prior works have provided a more practical

categorisation of the multidimensionality in understanding applicable to the field of explainable HRI.

2.2.3 Quantitative and Qualitative measures. Quantitative measurements (e.g. questionnaires) involve numerical data
and typically require statistically significant sample sizes to support generalizable conclusions, while qualitative (e.g.
semi-structured interviews, focus groups) approaches assume that the phenomena under study are context-dependent
and not easily reduced to discrete variables, thereby necessitating interpretive analysis by the researchers [122].

There are several challenges in qualitative evaluations. The reproducibility of qualitative measurements can be low,
especially in some study settings, such as ethnographic research or participatory design, which can be mitigated by
providing more transparency on procedures, methods, and reported interactions with participants [36]. However, a
literature review on qualitative evaluations in HRI concludes that there is a high variance in the rigour with which the
approaches are applied [122]. Nonetheless, while qualitative measurements may not possess the precision of hypothesis-
driven experimental studies, they can still systematically, rigorously, and formally capture holistic, multifactorial, and
emergent data [104]. Complementary approaches and methodologies are needed to increase robustness, as defining
a standardised approach is complex [23].

Quantitative evaluations are favoured by a tendency in HRI to aim for precision, characterised by clearly defined
hypotheses [122] that can later be proved to be statistically significant. However, quantitative evaluations present chal-
lenges as well. Real behaviour data has been reported to differ from reported data in surveys due to the Hawthorne effect
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[92], which refers to a “change in the behaviour of people because they feel observed” [8]. This affects both qualitative
and quantitative assessments, but for qualitative assessments, observations can be designed to be less intrusive.
Quantitative and qualitative measures are complementary rather than mutually exclusive, leading to recommendations
that both be considered in HRI research [3]. A common approach involves using qualitative methods to develop an initial
theoretical framework, which is then tested through quantitative methods. However, the reverse sequence can also be
valuable—for example, using qualitative analysis to interpret unexpected quantitative findings [104]. Furthermore, the
boundary between qualitative and quantitative methods is becoming increasingly blurred, as traditionally qualitative

techniques such as textual analysis are now often supported by computational tools for quantitative analysis [42].

2.24 Ecological Validity. In the HRI field, three levels of ecological validity have been identified: laboratory, online,
and field studies in the wild [42].

Online studies are carried out through “crowdsourcing” platforms and are becoming increasingly employed [42] since
they allow capturing data from many participants from a relatively controlled demographic. This enables obtaining
statistical significances due to a large sample size in a relatively short time, since the deployment of a robot is not
necessary, or the robot can be highly teleoperated. Participants do not interact with real robots, but receive pictures or
videos of robots and are then asked to respond to some questionnaires. However, participants may not be committed
to the study [135], and more importantly, the validity of online studies is low when real interactions with robots are
needed to provide genuine responses to in-person interactions [13].

In other cases, users interact with real robots in laboratory settings. Normally, in those cases, the robot’s tasks are
simplified, and the participants are given previous information to put them into context. The controlled environment
still allows for the establishment of causal relationships and enables strict replication of conditions, but the population
sample is often biased — typically pooled from university students— and the conclusions might not be generalisable to
the real world outside of the lab [42].

Although online and laboratory studies can provide meaningful findings [43], it is not guaranteed that they could be
replicated in an in-the-wild setting [8], where users can engage freely in an application-relevant environment. Even
though the difference between a laboratory study and an in-the-wild study is not always black and white, since there
are degrees “wilderness” [101], it has been argued that “we have a limited understanding of how people will respond
to robots in complex social settings and how robots will affect social dynamics in situ” [47]. Despite the extensive
advocates for in-the-wild studies [8, 47, 83, 92], a review study revealed that three-quarters of HRI user studies are lab
studies [7]. The main reasons are the challenges posed by in-the-wild studies, as technology and resources limit the
feasibility of these studies [8], and often there is a need to deal with multiple participants interacting at once, as groups
engage more than individuals with robots in the wild [86].

More specifically to XAl a taxonomy of evaluation [24] makes a distinction between functionally-, human- and
application-grounded evaluations. In functionally-grounded evaluations, there are no humans involved, and proxy tasks
are used. This is the first stage to test the actual generation of explanations (e.g., in terms of faithfulness and content
quality), but not yet any of its effects on users. Then, in the human-grounded evaluation, tasks are kept simple, but
humans are involved. This would include online and laboratory studies. Finally, in application-grounded evaluations,

real humans evaluate systems with real-world tasks.

2.2.5 Temporal Measurements. Not only for understandability measurements but generally in HRI, participants interact
only once with the robot [7], typically following the same procedure: (1) there is a short briefing session, (2) participants

answer demographic and robot-prior-knowledge questions, (3) participants engage with the robot and (4) a post-session
Manuscript submitted to ACM
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is used to collect the relevant dependent variables. In some other studies, the relevant measures from the post-session
are also included in the pre-session, allowing the measurement of changes due to the interaction with the robot.
Finally, in other works, participants interact multiple times over time with the robot, with multiple sessions to collect
measurements and study their evolution.

In many cases, users are not used to interacting with robots. However, the novelty effect is typically treated as noise
that needs to be reduced instead of a valuable source of information, which should be considered together with user
expectations and attributed anthropomorphism [105]. It has been proposed that studies should give greater attention to
novelty effects, especially considering how curiosity will influence engagements when the novelty effect is still strong
[92]. HRI is concerned with day-to-day interactions, and it is necessary to study how the user’s behaviour will evolve
once the novelty effect wears off [8]. In fact, the time needed to revoke the novelty effect has been proposed as the
main constituent of a long-term interaction [65], while a minimum of three sessions across three consecutive days [73]
offers a more functional definition.

Despite recommendations to account for the novelty effect and to conduct longitudinal experiments due to numerous
advantages, such as achieving unique interactions or being able to explore the long-term robot adoption [73], a
survey found that only 5 out of 96 HRI studies involved more than a single interaction [7]. Longitudinal studies pose
several practical challenges, including identifying suitable, realistic and useful use cases, recruiting and retaining
participants, determining interaction frequency, and securing the necessary resources [65, 73]. These challenges
are further compounded by the impossibility of applying Wizard-of-Oz setups when robots are expected to operate
autonomously over extended periods [61, 73]. Additionally, users often expect some degree of personalisation [61, 65, 73],
which introduces ethical and privacy concerns, such as the need for facial recognition and the storage of personal
interaction data [46]. Other ethical considerations include the potential formation of affective bonds with robots and

the safety of participants in unsupervised, autonomous scenarios [65].

3 Systematic Literature Review

To better understand how understandability is operationalised in explainable HRI, we conducted a systematic review
of the field using the PRISMA methodology [82], depicted as a flowchart in Fig. 3. This consisted of an identification
and screening process (Sec. 3.1), after which the eligible papers were subjected to classification using our proposed

taxonomy of understandability measures (Sec. 3.2).

3.1 Identification and Screening Process

To cast a wide net for relevant papers during the identification process, we conducted our search over three popular
databases - the ACM Digital Library!, IEEE Xplore? and Scopus>. To focus on the particular topic of understandability
in explainable HRI, we filtered the search by a number of search terms. Firstly, “robot* or human-robot interaction
or human robot interaction or hri” was used to narrow down the search to the field of HRI. Next, “explainability or
explanation or transparency or interpretability or legibility” was used to retrieve papers on transparency in HRI. The
search term “understanding or understandability” was used to limit the search to papers that discuss the concept of
understandability in some way. And finally, “user study or experiment or survey” was used to retrieve papers that

actually operationalise transparency and understandability in experiments. Furthermore, to focus on recent research,

Uhttps://dl.acm.org/
https://ieeexplore.ieee.org/Xplore/home.jsp
Shttps://www.scopus.com
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Fig. 3. PRISMA flowchart depicting the process of selecting the eligible articles for further analysis.

we limited our search to the period between January 1 2019 and December 2 2024, which is the date the search was
conducted. With these filters in place, our search yielded 342 results. Of these, 31 papers were identified as duplicates
and removed automatically, and a further 6 papers labelled as “conference reviews” were deemed unsuitable due to the
type of document, leaving 305 papers to be screened.

Following the PRISMA methodology, we conducted several stages of screening to arrive at a set of eligible papers.
Each stage was carried out by three researchers using an agreed-upon set of criteria. Discussions were held before,
during, and after each stage to refine the criteria and handle ambiguous cases. In the first stage, each paper was screened
(by assessing the title, abstract and keywords) to determine whether or not it should be retrieved for further screening.
Of the 305 papers, 10 papers were excluded as they were deemed not to be scientific articles, 1 paper was excluded for
not being in English, and 138 papers were determined to be clearly outside the scope of this review. Following this
stage, 156 papers were sought for retrieval and full versions of all 156 were successfully retrieved.

In the final stage of screening, we removed ineligible papers with four exclusion criteria. First of all, papers needed to
involve some sort of explanation or transparency. Papers without any (explicit or implicit) communication of information
from a robot to a human were excluded (no explainability). 18 papers were excluded for this reason. Secondly, papers
were excluded if they did not involve a robot, real or simulated (No robot). Papers with other kinds of agents (such as rein-
forcement learning agents) were included on a case-by-case basis, determined by their applicability to robotics domains.

A further 18 papers were excluded for this reason. Next, we excluded any papers that did not at least mention the concept
Manuscript submitted to ACM
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of understandability (no understanding). Eligible papers were required to link the explainability component of their work
to a person’s understanding of some aspect of the robot. 45 papers were excluded for this reason. Papers that mentioned
understandability, but did not measure it in some way, were also excluded (no measurement). 17 papers were excluded for
this reason. Note that we included papers that did not directly measure understandability but did employ proxy measures
linked to users’ understanding of certain aspects of the robot (see our discussion of performance measures in Sec. 4.1).

At the end of the screening process, 58 eligible papers had been identified and are discussed in greater detail in the

following sections.

3.2 Taxonomy of Understandability Measures

In order to further discuss and compare the eligible papers identified through the screening process, we devise a
taxonomy with which we can classify the understandability measures employed in each work, depicted in Fig. 2. The

categories we use are:

e Objective vs. Subjective - classifying whether a given measure is objective or subjective, as discussed in Sec.
2.2.1. During the review, we identified several sub-categories, which are discussed in greater detail in Sec. 4.1.

e Multi-dimensionality - classifying whether understandability is considered as a single construct or as a
collection of related constructs by a given work, following our discussion in Sec. 2.2.2.

e Quantitative vs. Qualitative - classifying whether a given measure is quantitative or qualitative, as discussed
in Sec. 2.2.3.

o Ecological Validity - classifying whether understandability is measured in an online, laboratory or in-the-wild
setting, as discussed in Sec. 2.2.4.

e Temporal Measurements - classifying whether understandability is measured either only once during an
experiment, before and after an explanatory intervention, repeated multiple times in a single experiment session,

or repeated across multiple sessions in a longitudinal fashion, as discussed in Sec. 2.2.5.

During our categorisation, each paper received a classification in each category. In the cases where a paper used
multiple measures of understandability or conducted multiple experiments, it would receive multiple categories. As
with the screening process, the 58 papers were divided among three researchers for classification. In the case of doubt
or ambiguity, papers were discussed and classified collectively. The results of this classification process are discussed in

the following section.

4 Analysis

Before discussing how the reviewed papers fall into each of the five categories in our taxonomy, we begin by discussing
key statistical trends that emerged from our review.

Our first observation is that, despite the filters discussed in Sec. 3, the papers are diverse in both subject area and
publication venue. The eligible papers span a variety of target domains, including robot navigation [41, 74, 116], socially
assistive robots [85, 134], manufacturing and other industrial applications [67, 90], autonomous vehicles [81], search
and rescue [19], and various drone applications [1, 40, 132]. The eligible papers have been published in a variety of
venues, with the most popular being RO-MAN* (10 papers), HRI® (10 papers, including late-breaking reports), THRI®

4IEEE International Conference on Robot and Human Interactive Communication
5 ACM/IEEE International Conference on Human-Robot Interaction
%ACM Transactions on Human-Robot Interaction
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Fig. 4. The number of eligible papers by year of publication. measures.

(6 papers) and IROS’ (4 papers). 41 eligible papers (~71%) appear in the proceedings and companion proceedings of
conferences, while 17 (~ 29%) are published in journals.
Of the 58 eligible papers, just under a third (18, ~31%) were published in 2024 alone, indicating a growth in popularity

for user studies in explainable HRI that measure understandability in some way (see Fig. 4).

4.1 Objective and Subjective Measures

Beginning with the first dimension of our taxonomy, we categorise each of the eligible papers based on their use of
either objective or subjective measures, as defined in Sec. 2.2.1. The categorisation of each paper is shown in Table 1. Of
the 58 eligible papers, 22 (~38%) make use of only objective measures, 20 (~34%) make use of only subjective measures,
and 16 (~28%) make use of both. This indicates a fairly even split between the two types of measures, with a significant
percentage employing both, as indicated in Fig. 5.

With a focus on objective measures, we observe a notable lack of standardised approaches to assessing understand-
ability. Instead, such measures are often highly specific to the domain and the particular robotic task. Nevertheless, broad
commonalities can be identified. In particular, we distinguish three main categories of objective measures: predictive
measures, feature relevance measures, and performance measures (see Fig. 6).

Predictive measures operationalise understandability by asking a user to predict some aspect of the robot based
on some context, in the vein of forward simulation [24]. For example, in [30], participants are asked to predict what
object a robot arm is going to grasp. In [55], participants are asked to predict how the robot would resolve an ethical
problem. In [40], participants are asked to predict the type and intensity of emotion expressed by a drone based on
facial expressions rendered on an attached display. Of the 38 papers using objective measures, 25 (~66%) use at least
one predictive measure.

In contrast, feature relevance measures operationalise understandability by asking users to identify important features
in the robot’s state that lead to some particular behaviour or decision. For example, in [102], participants are given a
list of features used by a robot and asked to select the ones that are relevant to its decision-making in one of two toy

domains. In [28], participants are asked to select reasons (i.e. features of the environment) that explain why a robot’s

"IEEE/RS] International Conference on Intelligent Robots and Systems
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Fig. 6. Categorisation of objective measures. Fig. 7. Categorisation by subjective measures.

Objective Measure Papers

Prediction-based (1], [12], [16], [17], (20T, [26], [30], [40], [44], [55], [66], (671, [72], (78], [81],
[84], [89], [90], [102], [108], [113], [130], [132], [133], [134]
(1], [16], [17], [19], [21], [31], [35], [60], [74], [84], [88], [96], [98], [108], [114],

Performance-based

[131], [132]
Feature relevance-based [28], [81], [91], [102], [113], [130]
Subjective Measure Papers

New questionnaire defined by authors [1], [16], [19], [22], [39], [40], [41], [45], [66], [67], [79], [78], [85], [90], [96],
[97], [98], [110], [111], [113], [115], [116], [121], [124], [133], [134]
Confidence rating in objective measure [30], [66], [67]

Use/adapt pre-existing questionnaires [91, [27], [28], [38], [75], [76], [81], [93], [127]

Table 1. Categorisation of objective and subjective measures. Papers appearing in multiple rows use multiple measures.

navigation path is not optimal. In [130], participants are asked to rate the importance of specific factors in the value
function used by a team of robot scouts. Overall, only 6 papers (~16%) employ a feature relevance measure.

Finally, performance measures do not directly operationalise understandability, but instead use proxy measures, typi-
cally domain-dependent, to measure how well a user performs a task, with the assumption that improved understanding
correlates with improved task performance. These measures are especially useful when the human and the robot must
engage in some collaborative task. For example, in [21], the authors measure whether participants understand the
intent of a robot in a social navigation scenario by assessing the behaviour of the human (either crossing in front of the
robot or following behind). In [114], participants must determine whether a robot’s navigation plan is optimal or not.
In [31], participants must determine the errors made by a robot scanning objects in a room. 17 papers (~45%) make use
of a performance measure in some way.

Turning to the subjective measures, we categorise each of the 36 papers using subjective measures based on the
source of the measure employed in the paper, in order to identify measures that are commonly used by the explainable
HRI community (see Fig. 7). However, we note that the majority of papers (26, ~72%) define their own measures,
typically consisting of Likert scale questionnaires (e.g., [19, 41, 111]) or open-ended questions to extract qualitative data
(e.g., [115, 121, 124]). Apart from these works, 3 papers (~8%) require users to rate their confidence in their objective
understandability answer [30]. The remaining 9 papers (25%) directly use or adapt existing scales to subjectively measure
understandability. Interestingly, none of these papers use the same scales, each employing a different questionnaire from
the literature (taken from [11, 25, 33, 43, 54, 57, 68, 69, 119]). Overall, these results indicate an absence of standardisation
when it comes to subjectively measuring understandability. However, many of the subjective questionnaires employ

similar questions with different phrasings. Many questions ask participants to rate the extent to which the robot is
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understandable, predictable, intentional, etc. (for example, compare “Pepper’s behaviour was understandable” [110],
“The robot moved as I expected” [41], and “The robot motion clearly conveys its target to me” [133]). Others focus on
the explanation, asking participants to rate how understandable or clear they find the explanations themselves (for
example, compare “I have understood the information presented to me by the robot” [39], “The robot’s communication
to me was clear” [41], and “Pepper’s explanation was understandable” [110]). This indicates that, while standardisation
is low when it comes to subjective measures in the explainable HRI community, there are common needs that could
form the basis of new standards in subjectively evaluating understandability.

Among the 36 papers utilising subjective measures, 26 ( 72%) employ Likert scales. 5-point and 7-point Likert scales
are the most common, with 14 and 11 papers using them, respectively, and one paper using both [116]. Additionally,
one paper uses a 6-point Likert scale [110], and another utilises a 9-point scale [127]. In contrast, six papers ( 17%) use
open-ended questions. Other variations include a 1-to-7 scale from “never" to “always" [98], categorical “Yes/No/Maybe”
responses [85], a confidence rating from 0 to 10 [30], two papers using a 1-to-7 confidence scale (from “Very Unsure”
to “Very Confident”) [66, 67], and one paper using a multiple-choice scale to rate “clearness” with the options “It was
clear”, “It was not clear”, and “Not sure” [134].

As stated before, 16 (~28%) papers make use of both objective and subjective measures. Some of these papers
explicitly distinguish between objective understandability (measured objectively) and perceived understandability (mea-
sured subjectively). For example, in [28], subjective perceived understandability is distinguished from objective map
understanding (a feature relevance measure). In [113], subjective perceived understanding is distinguished from objective
policy understanding (a prediction measure). In [66, 67, 67], confidence ratings on the objective measures are used as

subjective understandability measures.

4.2 Understandability as a Multidimensional Construct

The vast majority of eligible papers (55, ~95%, Fig. 8) consider understandability as a single, unidimensional construct
and operationalise it accordingly. Even though several studies did incorporate multiple measures of understandability,
the primary objective was to improve the robustness of the measurements, rather than measuring different dimensions
or types of understandability as introduced in Sec. 2.2.2. For example, simulating a rover operation task, the authors
in [113] employ a subjective measure of perceived understanding (7-point Likert, “I understand the behavior of the
rover”) as well as two objective measures - a prediction measure (selecting the correct action for a given state) and a
feature relevance measure (“Which of the parameters mattered the LEAST for the rover to choose an action?”). Similarly,
considering decisions made by swarms of small unmanned drones, the study in [1] uses both a quantitative performance
measure (“human-agent partnership” measured by observing participant interaction rates with video stream state
information) and a qualitative analysis of participants’ open-ended responses (categorising challenges the participants
identified in their free-form responses).

However, we identify 3 papers (~5%) that consider different aspects of understandability in their operationalisation.
In [17] and [16], the authors consider understandability as a process that evolves over time across a single experiment
on the legibility of multi-robot systems. To account for this, they use two prediction measures of understandability
that a participant selects from the user interface (identifying the coordination objective from a set and the spatial goal
of the multi-robot formation) and a performance measure of the time taken to provide an answer. Therefore, these
three objective measures constitute the two dimensions of understandability - i) how accurate is the understanding of
the goal and coordination objective and ii) how early the user understands. The experiment in [16] finds that both the

independent variables, coordination objective and number of robots, have a statistically significant effect on the two
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Multiple Dimensions o
Only Quantitative

94.8%
Both
Single Dimension
Only Qualitative
Fig. 8. Categorisation by single- or multi-dimensional view Fig. 9. Categorisation by the use of quantitative and qual-
of understandability. itative measures.

dimensions. However, the experiment in [17] indicates that the different independent variables of the motion of the
multi-robot system affect the two dimensions differently.

In [26], the authors distinguish between two types of understandability. The first is “behaviour understanding”, which
in this context is measured by asking prediction-based questions about the navigation scenarios the robot encounters
(e.g., whether the robot encountered a navigation problem and how this problem was detected). The second type
is “architecture understanding”, which is measured by matching the functionality of the robot to its various physical
components, such as its microphone, depth camera, and emergency button. The results indicate that while participants
had a similar level of correctness for the behaviour understanding dimension, they had varying levels of correctness for
the different components, thus having different levels of architecture understanding.

The analysis in this section highlights the lack of prior user studies that consider in any way the multi-dimensionality
of understandability. Moreover, the distinct dimensions of understandability in the reviewed papers are only a subset
of the theoretical taxonomies of multidimensional understandability (Sec. 2.2.2). For example, we find measurements
in [16, 17] that refer to the understanding what is the case [6], but there are no measurements for how/why is the case.
However, in this literature review, we aim to evaluate if there are works that acknowledge the multi-dimensionality of
understanding in any form, since the research in multidimensional understanding is still in a very theoretical stage, as

presented in Sec. 2.2.2.

4.3 Quantitative and Qualitative Measures

In this section, we categorise each paper based on its usage of quantitative or qualitative measures of understandability
(see Table 2) based on the background literature from Sec. 2.2.3. While the distribution between objective and subjective
evaluation methods is relatively balanced (Sec. 4.1), there is a pronounced preference for quantitative over qualitative
measures. Specifically, approximately 91% of the eligible papers employ quantitative metrics. Among these, 48 papers
(~83%) rely exclusively on quantitative evaluations, 5 papers (~9%) use only qualitative assessments, and another 5
papers (~9%) incorporate both types of measures (see Fig. 9).

For quantitative objective measures, a score is typically computed representing either a binary success or failure (e.g.,
whether a predictive measure is correct or not [72]) or the degree of success (e.g., how well the participant performs a
task [88]). For subjective measures, the quantitative measure typically comes in the form of a questionnaire scale such
as a Likert scale, as analysed in Sec. 4.1.

Similar to subjective measures, qualitative measures exhibit little to no standardisation, with each study presenting
distinct questions to participants. Nonetheless, some common themes can be observed in how different works approach
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Quantitative vs. Qualitative Papers

Uses only quantitative measures [9], [12], [16], [17], [19], [20], [21], [22], [26], [27], [28], [30], [35], [39], [41], [44],
[45], [55], [60], [66], [67], [72], [74], [75], [76], [79], [78], [81], [84], [85], [88], [89],
[90], [91], [93], [96], [98], [102], [108], [110], [111], [114], [116], [130], [131], [132],
[133], [134]

Uses only qualitative measures [31], [97], [115], [121], [124]

Uses both [1], [38], [40], [113], [127]

Table 2. Categorisation of measures as either quantitative or qualitative.

Ecological Validity ‘ Papers

Online study [1], [12], [20], [22], [27], [28], [30], [38], [40], [41], [55], [66], [67], [74], [76], [81],
[85], [88], [91], [93], [102], [110], [111], [114], [115], [116], [121], [124], [131], [134]

Laboratory study [9], [16], [17], [19], [21], [26], [31], [35], [39], [44], [45], [60], [75], [79], [78], [84],
[89], [90], [96], [97], [98], [108], [113], [127], [130], [132], [133]

“In the Wild" study [72]

Table 3. Categorisation of the ecological validity of studies, conducted either online, in laboratory environments, or in the wild.

the qualitative evaluation of understandability. A common open-ended question is to ask participants to describe what
they think the robot is doing/has done. For example, in [97], participants are asked “In your own words, what do you
think the robot is doing?” after observing the robot for some period of time, while in [124], after watching a video of
the robot, participants are asked what it did and what aspects of the behaviour were unexpected or significant, with
special attention paid to actions that went beyond the commands of a human.

A significant portion of these papers asks participants to justify in their own words their response to some other
question. For example, in [115], participants must justify why they selected a particular explanation as the “best” one,
while in [40], participants are asked to justify their answer to a prediction question about the emotional state of a drone.
In [113], participants are asked to justify their answers to subjective Likert-scale questions about their understanding
and perception of their performance. In [38], participants are asked what they would like the robot to explain to them,
and are also asked to justify their response.

In some papers, qualitative measures are employed to examine the participants’ mental model of the robot. For
example, in [31], participants are asked several questions to gauge their understanding of the robot, such as “How did
the robot learn the positions of the objects?”, while in [127], participants are asked to list 2-3 adjectives describing the
emotional state of a robot. In other papers, participants are asked to introspect on their own understanding of the robot.
For example, in [121], participants are shown videos of robots with expressive behaviours and are asked open-ended
questions relating to the ease of understanding the robot and what factors influenced that process. In [1], participants

are asked to explain the challenges they encounter in understanding a mission scenario as a drone operator.

4.4 Ecological Validity

For each of the eligible papers, we examine the context in which understandability is evaluated, categorising the studies
based on whether they are conducted online, in a laboratory setting, or in-the-wild (see Table 3). This classification is

informed by the discussion on ecological validity presented in Sec. 2.2.4.
Our analysis reveals that the majority of studies, 30 (~52%), are conducted online, typically carried out through
crowdsourcing platforms such as Amazon Mechanical Turk and Prolific [112] (see Fig. 10). A similarly large proportion
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Before and After

Repeated within Experiment

Online 1.7% - In the Wild

Multiple Classifications

Laboratory
Measured Once

Fig. 10. Categorisation by study context. Fig. 11. Categorisation by measurement repetition.

Temporal Measurements Papers

Measured once [1], [9], [12], [17], [19], [20], [22], [27], [28], [30], [31], [39], [40], [41], [44], [45
[55], [60], [67], [72], [75], [76], [79], [78], [88], [89], [91], [96], [97], [108], [113],
[114], [115], [124], [127], [130], [132], [133], [134]

Before and after [26], [85], [93], [110], [111], [116]

Repeated within experiment [16] [21], [35], [38], [66], [74], [81], [84], [85], [90], [93], [98], [102], [121], [131]

Longitudinal measurements

Table 4. Categorisation of the temporal aspect of the measurements of understandability. If a paper appears in multiple rows, it
indicates that multiple measurements used in the paper are classified differently.

of studies, 27 (~47%), are conducted in laboratory settings. However, in some cases, participant interactions with
the system are mediated entirely through a screen, minimising physical engagement with the experimental setup
[108, 113, 130, 133]. This suggests that, despite participants being physically present in a laboratory, the distinction
between online and laboratory settings is not always clear-cut, as the participant experience in some laboratory studies
may be functionally equivalent to that of online studies.

In contrast to the prevalence of laboratory and online studies, only a single eligible paper reports an in-the-wild
study [72]. In this work, the authors place a social robot unsupervised in a public space, where it elicits interactions
from passers-by. Participants who engage with the robot have the opportunity to receive an explanation regarding
the robot’s decision-making process, particularly its reasoning for engaging with individuals, e.g., why it waved at
one person but not another. Understandability is then assessed using a prediction measure, that is, evaluating whether

participants understand which participant the robot would engage with in a hypothetical situation.

4.5 Temporal Measurements

Following the discussion on the temporal aspect of measurements and novelty effects in Sec. 2.2.5, we further categorise
the eligible papers to investigate whether researchers consider understandability as a construct that evolves over time.
We initially developed four categories based on the frequency of measurements with respect to some explanatory
intervention - measured once, before and after, repeated within experiment, and longitudinal measurements. However, as
evident in Table 4, we find no user studies that conduct longitudinal measurements of understandability.

Our analysis reveals that the majority of the experiments follow the measured once approach, wherein understandabil-
ity is typically assessed only after the completion of an experimental session that includes an explanatory intervention.
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A total of 39 papers (~67%) contribute to this category (see Fig. 11). For example, several experiments measure subjec-
tive understanding using questionnaires after participants finish simulated navigation tasks [12, 19, 96, 114], or after
watching videos of robot navigation [41].

The before and after category of papers collects the relevant measures before and after the explanatory intervention,
usually to find changes in the measures after participants receive explanations. We find 6 papers (~10%) belonging
to this category. For example, in [85], after watching a video of a robot perform a task, participants are asked to
answer the question - “Do you think that something went wrong while the robot performed the task?”, repeating the same
question before and after receiving an explanation. Similarly, in [110] and [111], participants are first asked to rate the
understandability of a Pepper robot’s behaviour after watching videos with varied levels of surprise and desirability
(e.g., Pepper providing entertainment in desirable and undesirable scenarios). Subsequently, the participants receive a
verbal explanation for the behaviour and then rate how well this explanation was understandable.

The third category of the temporal measurements, repeated within experiment, consists of repeating the measurements
multiple times during the course of a single experiment session. We find that 15 papers (~26%) fall into this category.
The primary objective of taking multiple measurements is usually either to find differences in the measures across
several tasks or to demonstrate the generalisation of the findings across multiple tasks. Notable examples include [81],
where participants answer three types of questions a total of 30 times, corresponding to different traffic scenarios for
an autonomous vehicle. In [66], understandability is measured each time after participants watch a video of a robot
performing a task, which occurs three times. In [90], participants are shown 19 videos and have to evaluate changes in
the environment that are detected by a robot and visualised using augmented reality. In [35], participants go through 4
iteration rounds over 5 tasks, where performance is assessed on each task.

Some articles are categorised into both before and after and repeated within experiment categories (marked “Multiple
Classifications” in Fig 11) as they use more than one measure administered differently. For example, in [93], the
researchers ask participants to identify the cause of robot failure after watching a video of the robot’s attempt but
before receiving an explanation about the failure; then repeat the measure after they read an explanation. This before
and after measurement continues for 7 trials, thus having multiple measurements in the same experimental session.
The authors report a statistically significant difference in the failure cause prediction in before and after measures for
groups that receive explanations, although for a control group (without explanations), no such differences were found.
Similarly, in [85] the authors measure the participants’ ability to recognise a robot failure before and after providing
explanations, repeating the measure three times for three different tasks and failure types. These articles contribute to
~3.4% of the total.

Although we hoped to find longitudinal studies that measure the effect of explanation on understandability, we
have encountered none. In [38], the authors repeat the user study following identical procedures with a 15-month gap,
although the objective of the replication study is to validate the robustness of the findings from the previous experiment.
Even though the replication study finds similar results, it is not longitudinal since the authors purposefully exclude
the participants from the initial study. Nevertheless, other longitudinal studies on related constructs, such as software
usability, indicate that usability does not improve over time even after continuous interaction [52], but user frustration
may decrease [77]. We may hypothesise that the understandability of a robot may improve over time with the addition
of explanation in interaction. There are a few prior works in longitudinal XAI for non-embodied systems [59, 118, 129]
that provide some possible trends, such as that users often adhere to initial beliefs despite explainability efforts [59, 118]
and that additional information not necessarily leads to improved understanding [14, 118]. However, with the lack of

longitudinal studies in the HRI field, the long-term effects of explainable HRI remain considerably unexplored.
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Finally, we find interesting observations from a meta-analysis between the other review categories and the temporal
aspect of measurements. Firstly, among the 19 studies that repeat measurements in any form (before and after, repeated
within experiment), there is an equal share of experiments using only subjective and only objective measures, having 7
papers in each category (~37% for each), and 5 papers (~26%) incorporating both. Similarly, among the 39 studies that
conduct only a single measurement, 15 (~38%) use only objective measures, 13 (~33%) use only subjective measures, and
11 (~28%) use both. However, ~58% of the studies that both conduct multiple measurements and use objective measures
use performance-based measures, compared to the ~38% of papers using performance measures while making only a
single measurement. Performance tasks are typically less intrusive because they do not require additional and explicit
measurements beyond completing the task. For this reason, they may be preferred in studies that require multiple data

points to avoid interrupting too many interactions.

5 Recommendations and Open Questions on the Evaluation of Understandability in HRI

After analysing the distribution and particularities of how previous studies in explainable HRI measure user under-
standing, we provide a set of general recommendations in the form of guidelines on how understandability evaluations
should be carried out in explainable HRI user studies. Moreover, we explore several open questions facing the field of

explainable HRI, which future research should investigate to provide a better comprehension and definition of the field.

5.1 The Understandability Construct

In our review, we have observed that a considerable share of the initially surveyed works state that their approach
helps to improve user understanding through explainability, but then no measures related to understandability are
provided. This is reflected in the no measurement exclusion criteria from Sec. 2, with a total of 17 papers excluded
with this criteria. These results align with a recent review [103], which reveals that only 33% of user studies in
explainable HRI actually measure understandability. Therefore, we suggest that any study exploring the effects of
explainability/transparency should measure understandability (recommendation).

Legibility, interpretability, and even transparency and explainability are sometimes used almost as synonyms
for understandability, although they all have specific definitions and interpretations. Those terms, including user
understanding, can be used if they better fit the perspective of the study, but our suggestion is to always keep a link to
the understandability construct. We recommend using a common vocabulary to refer to user understanding.
We suggest understandability (recommendation), as it can be adopted for better searchability and differentiates from

the word “understand", which is commonly used with different meanings.

5.2 Objective and Subjective Measurements

Objective understandability tends to have a stronger impact on usability, ensuring that users can effectively interact
with the robot to achieve a goal. In contrast, subjective understandability is more closely related to user trust, as an
individual’s perception of their comprehension plays a crucial role in their confidence and comfort when interacting
with robotic systems. A thorough assessment should consider both objective and subjective understandability
(recommendation), as these two aspects influence different related factors. The literature on objective understandability
measurement is highly diverse, largely because the approach depends on the specific task the robot performs. In many
cases, prediction-based measures may be favoured, as these directly assess the user’s ability to anticipate and understand
the robot’s behaviour. Performance-based measures can also be valuable, particularly in domains with shared tasks

where human users rely on robotic support to achieve a common goal. Finally, feature relevance methods may be better
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suited for expert users who regularly use the system and should have more structured knowledge of how different
input features affect the decision-making process. For subjective understandability, Likert scales are the most employed
for quantitative assessments. In addition to standard Likert scales, open-ended questions can yield valuable qualitative
insights. An effective approach might be to employ a think-aloud protocol in which participants verbalise their thoughts
while completing the Likert scale, allowing researchers to capture additional context that complements the numerical
responses.

However, the field currently lacks widely accepted and validated questionnaires that can be systematically
employed across different studies to ensure the comparability of results (open question). A key challenge is
determining whether a standardised approach is feasible across diverse explanation types or modalities and study
settings, including both controlled laboratory experiments and real-world, in-the-wild deployments. Furthermore,
longitudinal studies, which track changes in understandability over time, introduce additional complexities regarding
consistency in questionnaire deployment and interpretation across different phases of user interaction. Future research
should explore whether a universal framework for understandability evaluation can be established or whether study-
specific adaptations will always be necessary. We believe that the creation of a validated standardised questionnaire
for subjective understandability is possible, so we encourage future work to look into this problem. For objective
understanding, we foresee that it can be dependent on domain, context, explanation modalities and types, and user
profiles, but future research should clarify procedures or methodologies that can be followed depending on the
circumstances.

Moreover, the relationship between objective and subjective measures remains underexplored in the
literature (open question). Some works in explainable HRI have measured both objective and subjective understanding
independently, without explicitly analysing their relation [30, 53, 66], while other works in the broader XAI field have
acknowledged that “the relationship between subjective and objective understandability is an interesting topic for future
work” [78]. A crucial issue arises when these measures exhibit a high level of disagreement. For instance, if users believe
they understand a system well (high subjective understandability) but demonstrate poor performance in objective
measures (low objective understandability), explanations would provide a placebo effect, generating higher trust in
the system [29]. Nevertheless, with prolonged and repeated interactions, overconfidence might lead to inappropriate
reliance on the system and, eventually, to frustration, decreased trust, and potential abandonment of the system.
Conversely, if users have a high level of objective understandability but perceive their understandability to be low,
they may exhibit unnecessary caution or disengagement. Future research should examine strategies to mitigate the
discrepancies between objective and subjective understandability and explore the role of robotic communicative actions

in shaping both of the measures.

5.3 Multi-dimensionality

We advocate for considering understandability as a multidimensional construct and suggest measuring
different aspects of it (recommendation). As we have explored in this work, a significant gap between social sciences
and technical explainable HRI studies remains open. One potential approach is to categorise robot behaviours and
decision-making aspects based on their complexity and then assess user understanding within and across these categories.
This approach enables a first multidimensional analysis of how different elements of the system contribute to overall
understandability, although there are still many open questions regarding the multidimensionality of understandability.

Nevertheless, a significant challenge in assessing understandability is accounting for its inherently multi-dimensional

nature. Understandability is not a monolithic construct; rather, it encompasses various facets which may manifest
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differently depending on the context and user expectations. A critical open question is how to effectively capture
and measure these different dimensions within a single evaluation framework (open question). Should these
dimensions be assessed separately, or can a composite metric be developed that integrates them meaningfully? Addi-
tionally, future research should explore whether different dimensions of understandability contribute independently to
overall user experience or whether they interact in ways that amplify or mitigate each other’s effects. Moreover, the
relationship of the multi-dimensional aspect with the objective and subjective understandability measures, including
its subtypes, should be further analysed and formalised, to investigate if particular dimensions are measured more

adequately by objective or subjective measures.

5.4 Quantitative and Qualitative Measurements

In evaluating understandability in human-robot interaction, it is essential to employ both quantitative and qualita-
tive measurement techniques (recommendation). While many studies focus on quantitative measures, qualitative
assessments can serve as a valuable complement, particularly in real-world, in-the-wild studies where collecting struc-
tured quantitative data may be challenging. The integration of both types of evaluation allows for a more comprehensive
understanding of how users interpret and engage with robotic systems. An extensive qualitative evaluation might be
infeasible due to a large number of participants or insufficient resources, but qualitative insights can be gathered during

the initial phases of the study or to further analyse particular quantitative outcomes.

5.5 Longitudinal and into the Wild

As we have presented in Sec. 2.2.4, there have been concerns in the literature about the validity and replicability in
real-world use cases of studies that are conducted in settings that force interactions with users (that is, online and
laboratory settings). Moreover, as explored in Sec. 2.2.5, it is important to properly take into account the novelty
effect and, if possible, to track the evolution of the measures through time. However, when it comes to measuring
understandability, our review has revealed that only one study was conducted in the wild, while no studies have included
the longitudinal component. Our recommendation regarding the study settings is to aim for both longitudinal and
in-the-wild studies (recommendation), since they offer the most realistic impact on user understanding when assessing
the effects of explainability. We encourage the HRI research community to value these studies while acknowledging
the challenges that come with them, such as providing results that might be less statistically significant due to lower
sample sizes and confounding variables arising from the unpredictability of the real world, yet with outcomes and

trends that are going to be more relevant to shape the explainable HRI field.

5.6 Understandability Targets

It is also crucial to clearly define the target level of understandability for a given study population (recommen-
dation), as previously suggested [32]. The goal should be for users to achieve 100% correctness within their designated
target level, rather than requiring them to understand all aspects of the system. The necessary degree of understanding
varies by user types; for instance, a lay user may require a more general understanding compared to a domain expert.
In terms of objective measures, this means selecting appropriate tasks that align with the capabilities expected of the
target users. For example, when using a performance measure, the target would be to successfully execute the task
that the specific user type is required to perform in that use case. Subjective measures pose additional challenges, as
individuals inherently interpret Likert scale boundaries in their own ways. To mitigate this variability, researchers could
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provide concrete examples of what constitutes minimum and maximum understanding, helping to ground participants’
responses and ensure more consistent interpretations.

Another unresolved issue concerns the precise definition of understandability targets for different user groups. While
we have recommended that users should achieve a level of understanding appropriate to their role, the specific criteria
for determining these targets remain ambiguous. Future research should investigate how to systematically define
understandability targets based on user needs, task demands, and contextual factors (open question). A starting
point can be the definitions of minimal and maximal understanding from the social sciences [6]. Moreover, it is essential
to develop methodologies for validating whether users have achieved their intended level of understanding, while

ensuring that the assessment process itself does not unduly influence user perceptions.

5.7 Link between Explanations, Understandability and Other Desiderata

A key question for future research is how to effectively use the results of understandability evaluations to refine
explanations provided by robots (open question). Moreover, should explanations be personalised based on individual
differences in cognitive abilities, prior knowledge, or familiarity with robotic systems? Another crucial aspect is how to
adapt explanations to make users aware of their understanding, to keep a good balance between objective and subjective
understandability, as we have already discussed in this section. Researchers should investigate methods for dynamically
adjusting the granularity and format of explanations to optimise user comprehension while minimising unnecessary
complexity and cognitive overload.

Finally, a broader challenge in explainable HRI research is establishing a clear connection between the under-
standability construct and other key desiderata, such as trust, usability or performance (open question), as
illustrated in Fig. 1. While it is intuitively plausible that improved understandability enhances user trust and system
usability, empirical studies are needed to quantify these relationships. Additionally, it remains unclear how different
aspects of understandability —be they subjective, objective, or multi-dimensional — impact related factors. Future
research should develop methodologies to systematically assess how changes in understandability influence user
behaviour, robot perception, and overall system acceptance. By elucidating these connections, researchers can ensure

that efforts to enhance understandability contribute meaningfully to broader improvements in human-robot interaction.

6 Conclusions

In this paper, we have devised a taxonomy to classify measures of understandability across five main aspects the type
of understandability measure, that is, objective or subjective; the dimensionality of the construct (unidimensional or
multidimensional); whether they are measured quantitatively or qualitatively; the ecological validity of the experiments,
classifying them into online, laboratory, or in-the-wild; and the temporal aspect of the measurements (single, before
and after, repeated within experiment, or longitudinal). We then conducted a systematic review of the literature
on the evaluation of explainable Human-Robot Interaction, focusing on the measurement of the understandability
construct. We have identified 58 eligible papers that include user studies where understandability measures are included.
We have categorised the papers based on our proposed taxonomy. Moreover, we have sub-categorised the objective
measurements into prediction, performance, and feature selection tasks, while dividing subjective measurements
between the ones that use new questionnaires, the ones employing confidence ratings, and the ones utilising or adapting
existing questionnaires.

Our analysis reveals that the reviewed papers are unevenly distributed across the different categories, with a notable

lack of longitudinal studies and in-the-wild experiments. We also find that most studies measure understandability as a
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single, unidimensional construct, with only a few papers considering its multidimensional nature. Furthermore, we
observe that the majority of studies employ quantitative measures.

We have provided a set of recommendations for researchers working in the field. We have highlighted the importance
of using a common vocabulary and actually measuring understandability in explainability user studies. A further
recommendation is to measure understandability both quantitatively and qualitatively, and to consider both objective
and subjective measures in user studies that should aim to run longitudinally in the wild. In our work, we also reinforce
the need to consider understandability as a multidimensional construct, and to define understandability targets for
different user groups.

Finally, we have identified several open questions for further investigation, including the standardisation of question-
naires, the relationship between objective and subjective understandability, the multi-dimensionality of the construct,
the definition of understandability targets, the methods to improve explanations based on understandability results,
and the connection between understandability and other desiderata in HRI. We believe that addressing these questions
will contribute to a deeper understanding of the role of understandability in HRI and will help to advance the field of

explainable robotics.
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